Micropores can constitute up to 100% of the total porosity within carbonate-hosted hydrocarbon reservoirs, usually existing within micritic fabrics. Here, three-dimensional computational representations of end-point micritic fabrics are produced using a flexible, object-based algorithm to further our understanding of the contribution that micropores make to flow. By methodically altering model parameters, we explore the state space of microporous carbonates, quantifying single and multiphase flow using latticeBoltzmann and network models.
Finally, when moldic mesopores are added to a micritic matrix, they impact flow when directly connected. Otherwise, micropores control single-phase permeability magnitude. Importantly, recovery is dependent on both wetting scenario and pore-network homogeneity: under water-wet imbibition, increasing proportions of microporosity yield lower residual oil saturations.
Together, these results quantify the importance of micropores in contributing to, or controlling, overall flow and sweep characteristics in such fabrics.
reported by Cantrell and Hagerty (1999) from similar images). Nevertheless, such pores may constitute a significant percentage of the total porosity and potential storage capacity (up to 100% in mud-dominated facies) of some of the largest known carbonate reservoirs, for example, the Middle Eastern Upper Jurassic Arab Formation (Cantrell and Hagerty, 1999; Lambert et al., 2006; Clerke et al., 2008; Clerke, 2009 ) and the Lower Cretaceous Thamama Group (Budd, 1989; Moshier, 1989b; Smith et al., 2003; Lambert et al., 2006; Cox et al., 2010; Deville de Periere et al., 2011; Fullmer et al., 2014) .
Such microporous carbonates have different rock fabric properties that can vary throughout a reservoir, and micropores occur in both monomodal and multimodal pore systems that can incorporate mesopores, macropores, and fractures or fissures (e.g., Cantrell and Hagerty, 1999; Clerke et al., 2008) . Micropore morphology (size and shape) is controlled by different shapes, styles of packing, and size distribution of the micrite crystals, which have been classified under various schemes by a few different studies (Lambert et al., 2006; Volery et al., 2010; Deville de Periere et al., 2011; Fullmer et al., 2014) . Micropores can be found within micritized grains, as pervasive horizons of micritic matrix (with or without larger mesopores), or between grains where the intergranular pore space has been micritized (Cantrell and Hagerty, 1999; Clerke et al., 2008 ). An additional feature of some microporous carbonates, particularly those in the Middle East, is rounded micrite (Budd, 1989; Moshier, 1989b; Wagner, 1990) , which is typically found toward the top of the oil column and reported to have better reservoir properties (high porosity and single-phase permeability) than their rhombic counterparts (Lambert et al., 2006) . A possible explanation for these fabrics is that acidic fluids flowing through the micropore network prior to hydrocarbon emplacement dissolve the edges and vertices of the rhombic micrite crystals to leave rounded crystals with a reduced crystal size (see Figure 1C and Lambert et al., 2006) , although this process is still debated (Ehrenberg et al., 2012) .
Current Understanding of Flow through Micropores
It is often assumed that hydrocarbons were unlikely to be emplaced into micropores during primary drainage (because of the small pore throat diameters, typically <1 μm, and resultant high capillary pressure) and that micropores therefore contributed very little to fluid flow through the reservoir unit, containing only bound, irreducible waters (Pittman, 1971; Kirkham et al., 1996) . However, hydrocarbons have long been observed to exist within micropores, with increasing oil saturations toward the top of the oil column (Al-Yousef et al., 1995; Lambert et al., 2006; Fung et al., 2011; Clerke et al., 2014) . Petrophysical studies focusing on the core-scale to large-scale flow properties of microporous carbonate reservoirs use both modeling and experimental methods to quantity flow, with a large number of in-depth studies on the Arab-D Member (e.g., Sallier and Hamon, 2005; Masalmeh and Jing, 2007; Clerke et al., 2008 Clerke et al., , 2014 Funk and Al-Harbi, 2009; Fung et al., 2011) . Initial recovery from microporous dual porosity systems (often fractured or fissured reservoirs) is typically very low because hydrocarbons within the micropores are often not recoverable during primary production (observed in limestones, chalks, and sandstones). However, many studies, dating back to the 1950s, have shown that under strongly water-wet scenarios, forced imbibition methods can be used to extract remaining oil reserves from the micropores in these fractured/fissured reservoirs, re-establishing their importance during production (see, e.g., Barenblatt et al., 2003; references therein) .
More recently, pore-network models and pore-scale studies have been used to examine the effects of micropores on flow. Although microporedominated carbonates have typically low permeabilities (<10 md), the pervasive distribution of micropores has been shown to result in a higher sweep efficiency within intervals with a high percentage of micropores (Wu et al., 2008; Clerke, 2009; Hollis et al., 2010; Clerke et al., 2013; Fullmer et al., 2014) . Additionally, it has been shown that within some multiscale pore networks, micropores provide the connectivity and fluid pathway between otherwise disconnected larger scales of pores ( Figure 1B ). For example, Roth et al. (2011) demonstrated that connectivity through a multiscale carbonate pore network was only achieved when pores less than 12 μm in diameter were present in the model. In these models, micropores actually controlled the percolation threshold. Few studies have, however, attempted to compare the petrophysical properties of the various microporous, micrite-dominated fabrics to understand their different flow properties, and particularly the different multiphase flow properties.
Pore Scale Rock Modeling Methodologies
To understand the flow properties of micropores, direct three-dimensional (3-D) imaging of the rock using methods such as computed tomography (CT) or focused ion beam scanning electron microscopy (FIBSEM) would be ideal. Micropores are below the typical standard microcomputed tomography resolution of a couple of microns, requiring high-resolution nano-CT or FIBSEM technologies (resolution <100 nm). Several studies have successfully used these technologies to characterize the pore space of carbonates and to examine flow properties of extracted pore networks (see Van Geet et al., 2000; Blunt et al., 2013; Cnudde and Boone, 2013 for overviews and references therein). However, these methods are expensive, with FIBSEM also being destructive, and resultant sample volumes are typically small (<15 μm 3 ) because of the trade-off between resolution and image volume. They also provide limited flexibility to study the effect of variations in rock fabric properties as the properties of the image cannot be adjusted with ease, if at all. Micromodel methods, such as those used by Buchgraber et al. (2012) , are similarly useful for imaging multiphase fluid interactions but have a limited application to 3-D flow properties. To further examine the effect of variations in microporous fabric properties, both individually and in combination, on flow properties, digital rock reconstruction methods that focus on reproducing geological fabrics to infer the pore-space provide a more viable and flexible methodology. Indeed, the pore network of a rock is created by its fabric; by accurately reconstructing the solid phase(s), the pore network, and therefore the petrophysical flow characteristics (e.g., porosity, absolute permeability, relative permeability, and capillary pressure curves) of the medium, can be determined.
Many different methodologies have been developed to produce digital 3-D models of porous media (see in-depth overview by Blunt et al. [2013] ). For example, there are object-based modeling methods, including process-based reconstructions (e.g., Bakke and Øren, 1997; Øren and Bakke, 2003) and continuum-based reconstructions (e.g., Biswal et al., 2007 Biswal et al., , 2009a , and there are statistical or stochastic reconstructions from two-dimensional (2-D) images (e.g., Okabe and Blunt, 2004; Wu et al., 2004 Wu et al., , 2006 Wu et al., , 2008 Al-Kharusi and Blunt, 2008) .
Although all proposed methods provide advantages for certain applications, they have limitations for modeling micropores. For example, reconstructions based on the spatial statistics of 2-D images can be used to create 3-D models using multipoint-statistic techniques (Okabe and Blunt, 2004; Al-Kharusi and Blunt, 2008) or stochastic approaches involving Markov meshes (Wu et al., 2004 (Wu et al., , 2006 (Wu et al., , 2008 . These statistical approaches, however, tend to smooth the true variations in the image structure, and as such fail to capture the heterogeneous nature of multiscale pore systems such as those within carbonates. However, methods have been developed to combine both low-resolution and high-resolution data types (e.g., Hurley et al., 2011) . Object-based models provide perhaps the most flexible basis for modeling rock fabrics because the properties can be altered and adjusted to recreate all geological variability based on observations. However, the complex processes of carbonate diagenesis mean that process-based modeling methodologies, which work very well for reconstructing sandstones (Bakke and Øren, 1997; Øren and Bakke, 2003) , are problematic to implement for carbonates. The primary and diagenetic processes of micrite formation are not only poorly understood, but may also vary from reservoir to reservoir (Budd, 1989; Moshier, 1989a, b; Cantrell and Hagerty, 1999; Lambert et al., 2006; Richards et al., 2007; Volery et al., 2009; Lucia and Loucks, 2013) . Continuum-based modeling methodologies (e.g., Biswal et al., 2007 Biswal et al., , 2009a provide a unique approach that combines low-resolution micro-CT scans with 2-D geological and crystal information in a continuum object-based technique to reproduce carbonate fabrics at multiple resolutions. Although the method of incorporating multiple fabrics and pore types into a model is an advanced technique, to simulate flow, the continuum model has to be discretized at a specific resolution. Models at adequate resolutions to model micropores within carbonate fabrics have been generated using such continuum methods (Roth et al., 2011) , but these were not used to quantify the petrophysical or multiphase properties of the microporous fabrics.
Overview
In this study, we present an object-based digital rock building methodology that aims to accurately reconstruct the end-point microscale micritic fabrics of microporous carbonates to accurately capture the relevant statistical properties of the pore space. Both quantitative and qualitative underlying data are used to populate the models based on data from 2-D scanning electron microscope (SEM) image analysis of samples from the Lower Cretaceous Thamama Group, Persian Gulf-a shallow ramp marine carbonate. The algorithm is flexible such that it can model the textural variations of microporous carbonates and include multiple scales of pores. This new methodology is thus able to reconstruct reservoir rocks at a resolution suitable for capturing micropores, enabling interrogation of both single-phase and multiphase flows in such microporous carbonates.
In what follows, we use the algorithm in combination with a lattice-Boltzmann simulator, a porenetwork extraction algorithm and a network model multiphase phase flow simulator to study the singleand multiphase flow properties of synthetically generated typical Middle Eastern microporous carbonates. In particular, we focus on micrite-dominated fabrics and consider the effect of micropore size, total micropore content, and the effect of micritic dissolution within models of purely micritic matrix. Finally, we examine how moldic mesopores within a microporous matrix affect flow properties.
METHODOLOGY Textural Properties of Micrite and Micropores
The 3-D model needs to be calibrated with geostatistical data. Because it is difficult to image micropores directly using 3-D scanning methods, following other studies (Biswal et al., 2007 (Biswal et al., , 2009a Deville de Periere et al., 2011) , we use SEM images to capture the basic textural properties of microporous carbonates. Image analysis is performed using IMAGEJ (Schneider et al., 2012) .
Different SEM imaging methods are used to extract both quantitative and qualitative data to calibrate the models. Secondary electron images provide a shallow, pseudo-3-D image of broken chips ( Figure 1A, C) , which allows the crystal form and the nature of the contact between crystals to be examined. For example, the micrite in the microporous sample in Figure 1A consists of approximately equidimensional subrounded to euhedral rhomboids, often with multiple facets, and there is no obvious alignment of crystal orientation.
Images of epoxy resin pore casts ( Figure 1B ) are used to provide insight into the form, size, and distribution of different pore types (mesopore and micropore) within a sample. They also provide crucial information about the nature of 3-D connectivity between pores. For example, the highly connected spongelike network of micropores, and the connectivity between this network and a mesopore, can be seen in Figure 1B . Produced using low pressures, the epoxy resin cast was validated against rock chips by comparing crystal dimensions in the cast to crystal dimensions in the rock chips to ensure that the sample had not been altered during preparation.
Finally, backscatter images of highly polished, flat sample surfaces (Figure 2A , B) provide a good contrast between pore and solid. They enable easy binarization to determine 2-D slice porosities and also allow measurements of crystal diameter to be made within the image plane. The SEM images are taken at a very high resolution (here up to 0.05 μm/pixel) and as such, before any crystal diameter data are extracted through image analysis, the resolution of the SEM image needs to be reduced (by averaging across neighboring pixels) to match that of the models that will be generated, removing features that would be unresolvable at the model resolution. Subsequently, a watershed algorithm can be applied to detect individual crystals, and Feret diameter measurements (with amalgamated crystals removed) can be made to provide a quantitative crystal size distribution (CSD, Figure 2C ) from which the model can be populated. Where it is not possible to detect crystal edges through an automated process, manual measurements of the longest diagonal length of the crystal can be made instead. The resulting data are 2-D crystal diameters, ranging from the image resolution up to 4 μm ( Figure 2C ), similar to that reported by Deville de Periere et al. (2011) . In addition to crosscorrelation with data in the literature, the CSD was crosscorrelated against measurements performed on secondary electron images in this study. By collecting a statistically significant number of diameters (here, over 400 measurements), the measured CSD data are assumed to be reflective of the 3-D crystal diameters.
Object-Based Reconstruction Methodology
The CSD ( Figure 2C ) is used to build a library of 3-D micrite crystals at the model resolution including forms rotated around the x, y, and z-axes at discrete intervals throughout the desired range of rotations. Micrite crystals have multiple facets and are often observed to be subrounded to a degree. To capture these properties precisely, an unrealistically highresolution digital model would be required. As such, Figure 2 . Example backscatter scanning electron microscope (SEM) images of carbonate micropores that can be used to extract quantitative data for model calibration. (A, B) Typical backscatter SEM images used for crystal diameter measurements. Both matrix crystals and larger pore-filling cement crystals can be seen in this figure. Only the matrix crystal data were used in this study. (C) Crystal size distribution as measured from backscatter images and used to populate models at a resolution of 0.40 μm 3 ∕voxel.
the rhombs are simplified to cubes; this approximation maintains the approximately equidimensional and euhedral nature of micrite, but reduces the voxel resolution required to represent the crystal form, acting as an end-point fabric. However, the algorithm is flexible such that if multiple crystal types, shapes, and sizes were required, these could simply be included in the library. When distributing the crystals, matrix connectivity is guaranteed by allowing (or forcing) an overlap of neighboring crystals. Crystals in the library have a layered structure where voxels on the edges of the crystal are identified; these are allowed to overlap with other crystal edge voxels, whereas crystal centers must remain nonoverlapping ( Figure 3A, B) . This technique has similarities to the "cherry-pit" or penetrable-concentric-shell model (Torquato, 1984 (Torquato, , 1985 (Torquato, , 1986 . As such, the smallest crystal size for any model resolution is 3 3 voxels to ensure a distinction between crystal centers and crystal edge voxels exists ( Figure 3C, D) . The degree of overlap can be varied, allowing different styles of micrite packing to be represented, but a minimum edge-layer thickness of one voxel is required at any resolution to maintain matrix connectivity.
The rock reconstruction is initialized within a 3-D space, discretized into a grid of regular cubic voxels of a predefined physical size (the resolution). In an iterative process, voxels are defined as solid by randomly fitting micrite crystals from the library into the grid. This continues until a desired total percentage of solid, and therefore the desired total porosity (ϕ D ), is achieved. Crystals are fitted from largest to smallest, with the number of iterations (N C i ) of each crystal size (indexed by i) calculated based on the known crystal frequency distribution (f C i , e.g., as shown in Figure 2C ), the volume of each crystal size (V C i ), the total volume of the grid being filled (V), and the total porosity (ϕ) required in the final model that is related to ϕ D as described later. As such, the number of iterations of each crystal size required to achieve the target porosity is predetermined based on the ratio (R) between the volume of solid produced by the CSD and the volume of the model to be created as shown in equations 1 and 2. The overlapping edge voxels of the crystals result in an underestimate of the number of crystals required to fill the volume as overlapping edges are not accounted for in equations 1 and 2; hence the resulting final porosity would always be higher than the required porosity. To account for this, the target porosity (ϕ in equations 1 and 2) is set at a value that is predictably lower than the desired porosity (ϕ D ). This prediction is based upon a sensitivity test to determine the average loss in solid voxels because of the overlap at a desired porosity. An example is shown in Figure 4 .
At each iteration during model generation, a random (possibly rotated) crystal of the correct dimensions is selected from the crystal library. Randomly selected potential grid locations are successively tested until a location that satisfies the edge and center placement conditions is found. Upon completion, the algorithm results in a binary model ( Figure 3B ) of the foreordained porosity (ϕ D ) that is 100% microporous and a solid proportion that is 100% micrite. Data specific to each crystal placed into the model (such as crystal center coordinates, crystal diameter, and rotation information) are stored in an array as objects are placed into the volume. This information may be used to manipulate the model fabrics to perform rounding of the micrite crystals to emulate micritic dissolution or to include larger scale features such as mesopores (pores >10 μm in diameter). The properties of mesopores can be determined from the SEM images in a similar manner to the properties of micrite.
Micrite rounding is performed homogeneously across the model volume. The cubic form of the micrite crystals is altered to a spherical form by tracing the inscribed radius of the crystals based on their diameter. Because of the alteration to the fabric, it is again important to ensure matrix connectivity of the rounded crystals. This is achieved by testing that each crystal touches at least one other crystal. If this is not satisfied, slight shifts of the unconnected crystals are made to abut them against another crystal. In the highest porosity models generated for this study, this shift process affected less than 0.4% of the crystals, but must nevertheless be performed to reflect the rock texture and avoid floating crystals in the matrix.
The purely microporous models can subsequently be merged, under certain conditions, with larger scale pores to generate multiscale networks. The mesopore networks can be derived from the subsections of micro-CT images or can be synthetically 3 ∕voxel over a range of porosities. Using the trend, it is possible to calculate the model target porosity (ϕ) that should be used to achieve any particular required final porosity (ϕ D ). The arrow shows that a target porosity of ϕ = 18% should be used to obtain a final porosity ϕ D = 25%. (B) These sensitivity tests can be performed for any grid size (three examples are shown) and at any resolution. generated to represent, for example, moldic mesopores ( Figure 1B ). The modeled moldic mesopores here are simplified to spherical bodies, although more complex shapes can be used. The size and location of the molds within the modeled volume can be determined randomly or predefined.
Although this process of merging the two pore systems does not reflect the processes of formation of the mesopores and the micritic matrix, the fabrics generated do reflect those observed from SEM analysis, such as the connectivity between mesopores and microporosity ( Figure 1B ) and the rugosity around mesopore edges because of micrite crystals ( Figure 2B ).
Sensitivity Analysis of Fluid Flow Properties to End-Point Rock Fabric Properties
Herein, we begin to explore the variability of micritic microporous carbonate rocks to investigate the flow properties of different end-point fabrics. First, we investigate the sensitivity of flow properties to micropore size, controlled by varying the resolution at which each model is generated. Micropore size is likely to vary from reservoir to reservoir and also within any individual reservoir. Models were generated at five different resolutions: 0.50, 0.40, 0.30, 0.20, and 0.10 μm 3 ∕voxel (models r 5 to r 1 , respectively), with three realizations generated at each resolution. Each model had a porosity of approximately 26% and a volume of 400 3 (64 million); the physical size therefore varied between models (Table 1) . Both single and multiphase flows were simulated on the models; however, to be able to compare the single-phase properties of the different fabrics properly, eight subvolumes of the four lowest resolution models (r 2 to r 5 ) were also isolated. These subvolumes each had the same physical volume (40 3 μm 3 ) as the highest resolution model (r 1 ). The computational sizes of these subvolume models are shown in Table 1 .
Second, we consider the effect of total porosity on fluid flow within a purely micritic fabric and also investigate the effect of micrite rounding. Total porosity was varied from 18% to 35% (models r a to r e , respectively), and three realizations of each model were created. These porosities are within the range of reported values for purely microporous carbonates (Cantrell and Hagerty, 1999; Clerke et al., 2008 Clerke et al., , 2013 Volery et al., 2010; Deville de Periere et al., 2011; Fullmer et al., 2014) and of porosities from SEM image analysis performed for this study. These models were created at a resolution of 0.40 μm 3 ∕voxel and were again 400 voxels (or 160 μm) in length. Micrite rounding was performed on one model at each given porosity (models s a to s e ) to investigate its effect on flow.
Finally, we investigate the effect of synthetic spherical moldic mesopores (pore diameter >10 μm) within a micritic matrix of varying total (micro and meso) porosity. Although fully microporous horizons do exist within reservoirs, it is additionally important to understand the range of multiscale fabrics in which micropores do (and do not) contribute to flow. A mesopore was placed in each octant of a 400-voxel 3 model generated at a resolution of 0.40 μm 3 ∕voxel. Among other properties, mesopore size varies and as such, the radii of the mesopores in the models varied between 10 and 45 μm, generating five different model fabrics. These mesopore models were combined with purely micritic matrices, with total matrix porosities of 18%, 25%, and 35%.
All models generated during this study used a CSD measured from SEM image analysis of samples ( Figure 2C ), discretized to the correct resolution to create appropriate corresponding crystal libraries.
Simulation of Flow
Two separate methodologies are used to simulate single-and multiphase flows in this study. We describe each in turn. Single-Phase Flow Simulation Single-phase flow simulation for the computation of absolute permeability is performed directly on the discretized model using a multiple relaxation time (Chun and Ladd, 2007 ) lattice-Boltzmann model (Ludwig: Desplat et al., 2001) , which represents the boundaries of solid objects using a simple bounceback scheme. Simulations are performed in lattice units (lu), and converted to millidarcys (md) based on the true voxel size (Δx). A permeability is obtained by computing the steady-state volume flux in a periodic system (obtained by reflecting the volume along the flow direction and using periodic boundaries) generated by a constant body force with a viscosity (η) of 1/6 in all cases. The simulations were parallelized and used 2048 cores on the Blue Gene/Q supercomputer based at the Edinburgh Parallel Computing Centre. The steady state volume flux (Q) is related to the macroscale permeability (k) by the Darcy equation (equation 3 below, Darcy, 1856) , where the differential pressure (P b − P a ) is related to the applied body force and the length of the system in the flow direction (L) of cross-sectional area (A) by
As is usual with this type of calculation, we ensure that the final pore-scale Reynolds number is below unity to simulate incompressible Newtonian, laminar flow. For the narrowest pores in the system, we would expect the flow to be poorly resolved, which would lead to some systematic, and likely, underestimates in the permeability. Tests in capillaries with regular geometries (circular, triangular, square cross section) suggest errors in computed permeability to be up to ≈25% for widths less than ∼4Δx (Sengupta et al., 2012) .
Multiphase Flow Simulation
We perform multiphase flow simulations on pore networks extracted from the generated models using the pore architecture tool (PAT) algorithm developed by Jiang et al. (2007) . This method is based on extracting the local medial axis through the pore space (using a thinning algorithm) and separating the network into pore bodies and throats (nodes and bonds, respectively), preserving the connectivity and topological characteristics of the pore space. Junctions in the network are defined as pore bodies (nodes) and the connecting pathways between nodes are then throats (bonds). Quantitative geometrical characteristics of the network elements such as pore radius, perimeter, and area and shape factor are all determined. These geometrical properties control the development and stability of wetting layers within the network elements (Blunt, 1998; Valvatne and Blunt, 2004) . The topology (or connectivity) of the pore network plays an important role in controlling multiphase flow properties and can be described in two ways. First, it can be described through the coordination number-the number of bonds connecting to each node in the network. Second, it can be described by calculating the specific Euler number (χ, Vogel and Roth, 2001) , which is simply the number of nodes (N) minus the number of bonds (B) divided by the volume of the model (V):
The Euler number can also be used to derive the pore size dependent connectivity function by removing pores from the network in order of increasing size and recalculating the Euler number at each step (Vogel and Roth, 2001) . Removing larger and larger pores will eventually result in a positive Euler number (fewer bonds than nodes), which indicates the point at which the network becomes unconnected. As such, an Euler number of zero is a proxy for the percolation radius of the network.
Multiphase flow was simulated on the extracted networks using the quasistatic (capillary-dominated flow) Poreflow software (Valvatne and Blunt, 2004) . Two-phase flow is simulated according to invasion-percolation principles during drainage (invasion of oil) and imbibition (invasion of water). A pressure gradient is applied to each phase across the pore network (between the inlet and outlet face), and the relative permeabilities of each phase are determined by calculating the pressure distribution in response to the change in pressure gradient across each phase at each node, using mass conservation (Øren et al., 1998) . Note that the assumption of dominance of capillary over viscous forces, which is justified for the considered small pore sizes, implies that the relative permeabilities do not vary with fluid viscosities.
To simulate multiphase flow, the pore-scale wetting properties of the model must be predefined. However, the wetting properties of carbonates and specifically micropores are poorly understood. Strong variations of wettability in different reservoirs are observed more frequently in carbonate reservoirs than in siliciclastic reservoirs (Bobek et al., 1958) , and studies into the wettability of globally distributed carbonates (e.g., Treiber and Owens, 1972; Kashfi, 1974; Morrow, 1976; Chilingar and Yen, 1983; Cuiec, 1984) have indeed produced varying results. Some carbonates have, however, been found to have a more definite mixed wetting state (Lichaa et al., 1993; AlYousef et al., 1995; Okasha et al., 2001 Okasha et al., , 2007 Skauge et al., 2004 Skauge et al., , 2006 Skauge et al., , 2007 Knackstedt et al., 2011) , with small pores having a weak affinity toward oil (Skauge et al., 2006; Marathe et al., 2012; Dodd et al., 2014) . Estimating wettability at the core plug scale is a complex task in itself and few studies have been able to examine the wettability distribution at the pore scale, although recent field-emission SEM studies have shown advances toward achieving this (Marathe et al., 2012; Dodd et al., 2014) . Here, two different imbibition (water flood) wettability scenarios at the pore scale were simulated to characterize concomitant variations in the multiphase flow properties. For both scenarios, the pore network is initially assumed to be strongly water-wet and oil flooding (water drainage) continues until a minimum residual water saturation of 0.07 has been achieved. For the first imbibition scenario, the rock remains water-wet after drainage and no aging occurs. For the second imbibition scenario, the rock is fractionally wet, where after drainage, 50% of the pores become oil-wet (because of aging). This type of wettability distribution is neither pore-shape nor pore-size dependent, thus making the fewest assumptions in the absence of reservoir core data. For both wettability scenarios, imbibition continues until a minimum residual oil is achieved.
RESULTS

Effect of Micropore Size
Model Fabric Properties
The morphology of the micritic fabrics in the models matches well with that observed in SEM images under the assumptions and simplifications of the algorithm ( Figure 5 ). In particular, the models show similar crystal packing and distributions to those observed in samples ( Figure 5C, D) . Crystal morphology in samples is typically of a more subrounded form ( Figure 5A ) than those in the model ( Figure 5B ) because of the resolution limitations of the modeling method, as discussed previously. Figure 6 shows 2-D slices through a 3-D realization at each resolution, scaled relative to their physical sizes. Visually, the models can be seen to be producing very similar micritic fabrics, and all have porosities of approximately 26%. The differences between the models are compounded by the pores and crystals being represented by an ever-increasing number of voxels as resolution is increased from 0.50 up to 0.10 μm 3 ∕voxel (subfigures A to E, respectively, in Figure 6 ). The size of the smallest resolvable feature decreases with each increase in resolution (e.g., minimum crystal size, Table 2 ), whereas the maximum crystal size remains constant as all models use the same measured crystals size range.
Pore Network Properties
The pore radii distributions shown in Figure 7A indicate the change in pore geometry with model resolution. The box in Figure 7A shows the smallest pores in the generated models that are equal to the resolution of the model (half a voxel in radius). As resolution is progressively decreased from 0.10 to 0.50 μm 3 ∕voxel (model r 1 to r 5 ), the smallest pores are lost from the models and at the other end of the scale, larger pores are incorporated. This is reflected in the increase in the average pore radius with a decrease in resolution (Table 2 ) and an increase in the upper limit of the pores captured by the models ( Figure 7A ). Average pore radius increases by nearly 70% across the different models, from 0.26 μm for model r 1 up to 0.44 μm for model r 5 .
The percolation radius (in which the Euler number is 0) can be seen to be dependent on model resolution ( Figure 7B ). Models r 1 to r 4 have a percolation radius of ∼0.30 μm, whereas model r 5 shows a distinct increase up to a percolation radius of 0.38 μm. In model r 5 , the smallest connections (which control flow in the models of higher resolution) have been lost, and as such, the geometry and topology of the system has been altered changing the connectivity of the pores. This change in network properties is highlighted by the decrease in the number of nodes and bonds between model r 4 and model r 5 (Table 2 ). Based on these observed changes in the pore network, a change in the fluid flow properties of model r 5 in comparison with the other models could be expected.
Porosity and Single-Phase Permeability All models had a target porosity of 26%, and at each resolution, a separate target porosity trend ( Figure 4A ) was generated. The resultant model porosities fluctuate randomly around 26% porosity, ranging from 26.8% porosity for model r 1 down to 25.9% porosity for model r 4 ( Figure 8A ). The model subvolumes (Table 1) also show a narrow range of porosities ( Figure 8C ) indicating that a reasonably homogeneous medium and representative elemental volume is being generated at all resolutions. The number of crystals generated in each full-size model is shown in Table 2 .
Single-phase permeability ( Figure 8B ) shows a positive correlation with average pore size. There appears to be a negative correlation between porosity and permeability ( Figure 8C ) contradicting expected trends in petrophysical data. This is again because of the increase in average pore size. Model r 5 has both the largest average pore radius (0.44 μm) and the highest permeability, despite having a slightly lower porosity than the other models. Over the range of porosities and permeabilities shown, the variation in permeability is less than 1 md (varying between 1.7 and 2.7 md) and in porosity is less than 1.5% (varying between 25.5% and 27%). Figure 9A -C shows the relative permeability curves from multiphase flow simulations over the full 400 voxel 3 models at each resolution. These plots indicate the effective permeability of the water and oil phases against saturation. The relative permeability curves of all models are smooth, indicating that a homogeneous pore network has been generated at all resolutions.
Multiphase Flow
Average pore size has little to no effect on waterrelative permeability during drainage ( Figure 9A ). Oil-relative permeability, however, can be seen to increase with a decrease in average pore size at midrange saturations. The decreasing minimum pore size in the models is reflected in the increasing maximum achieved capillary pressure from models r 5 to r 1 ( Figure 9D ).
Upon imbibition, a similar trend is observed. Oilrelative permeability is dependent on average pore size, with individual models behaving slightly differently, whereas water-relative permeability curves are indistinguishable under both wetting scenarios ( Figure 9B, C) . These variations in relative permeability result in a residual oil saturation (fractional volume of oil remaining in the model after full water flood) that is dependent on average pore size. Residual oil variation is most clearly demonstrated by the capillary pressure curves in Figure 9E and F. Under both wetting states, the models show a small Figure 6 . The 400 × 400 voxel slice of models r 5 to r 1 , scaled to relative physical size. All models have ∼26% porosity. incremental decrease in residual oil saturation with increasing average pore size (models r 1 to r 5 ). Under a water-wet state, residual oil decreases from 38% to 28% and under a fractionally wet state, residual oil decreases from 42% to 38%, indicating the control of average pore size on multiphase flow and particularly residual oil saturation.
Effect of Total Matrix Porosity and Micrite Rounding
Model Fabric Properties Figure 10 shows 2-D slices through a 3-D realization of each porosity model. Visually, the average pore size can be seen to increase with porosity, and the models appear to represent a statistically homogeneous medium, with some random clustering of crystals as is observed in SEM images ( Figure 5 ). The fabric of a rhombic micrite crystal model (r c ) can be seen more clearly in Figure 11A and C that shows the cubic and euhedral micrite structure. Figure 11 also shows the effect of rounding on the crystal fabric. In Figure 11B and D (showing model s c ), the original crystal structure is retained, but without crystal vertices. Any apparently floating crystals are connected in the third dimension. The decrease in crystal size after micrite rounding is demonstrated in Figure 11E .
Pore Network Properties
Within the rhombic crystal models, average pore size increases with an increase in porosity (Figure 10 ), which is supported by the results of the pore-network extraction analysis presented in Figure 12A . There is also an increase in the range of pore radii with porosity although the range of pores captured in each model spans only one order of magnitude, and the majority of pores in the models have a radius of one voxel (two voxels in diameter, Figure 12A ). The homogeneity of the micritic fabric results in a narrow range of pore radii reflecting a fairly homogeneous pore network. The increase in average pore size coincides with an increase in the average coordination number, whereas the total number of elements decreases for the models with the highest porosities (Table 3) .
Percolation radius increases with porosity ( Figure 12B ), which would be expected as the average pore size increases. Models r a , r b , and r c have a similar percolation radius of 0.25 μm, whereas models r d and r e show an increase to 0.35 and 0.40 μm, respectively, indicating that larger pores are better connected in the higher porosity models, which is again reflected in the average coordination number (Table 3 ). In comparison with their rhombic crystal counterpart, the rounded micrite models exhibit an increase in the range of pore sizes present and also an increase in the average pore radius ( Figure 12C ) because of the decrease in crystal size ( Figure 11E ). Individually comparing a rhombic micrite model to its rounded counterpart demonstrates this trend clearly ( Figure 12E ).
Percolation radius increases after rounding for all models ( Figure 12D, F) ; however, the average coordination number does not show a likewise increase (Table 3 ). The increase in average coordination number after rounding in comparison with before rounding is most pronounced for the low-porosity models and this increase tapers off to become zero for the highest porosity models that exhibit no change in average coordination number between the rhombic micrite to the rounded micrite fabrics. After rounding, all models have an average coordination number of greater than 4.2, whereas only rhombic models r d and r e had average coordination numbers greater than 4.2.
Porosity and Single-Phase Permeability
The single-phase permeability and porosity results averaged over the individual results of the three realizations for each rhombic crystal model are shown in Figure 13A and B. For each set of realizations, the three permeability values were within 0.01 md of the mean and the porosities were within 0.04% of the mean; hence, the variance was negligible. Over the range of modeled porosities, 18% to 35%, there is an order of magnitude variation in the single-phase permeability, from 0.6 to 7.5 md, respectively.
Micrite rounding results in a porosity increase of 7% to 8% and is slightly more pronounced for the lowest porosity models ( Figure 13B ). The increase in porosity with rounding is reflected in the substantial increase in single-phase permeability for each individual model as shown by the dashed lines connecting the rhombic models to their rounded counterparts in (Figure 13B ). Comparing rhombic and rounded permeability values at the same porosity (models r d and s b ), however, shows a small increase because of pore size increase through rounding. Model r d has a slightly higher porosity of 30.6% and yet an average pore radius of only 0.48 μm, whereas model s b has a porosity of 29.6% and an average pore radius of 0.50 μm.
Multiphase Flow
Based on the pore-network properties of the original rhombic crystal models (r a to r e ), the increase in average coordination number with increasing total porosity suggests that there would also be a variation in the multiphase flow properties for these models. However, this expected trend is not observed (Figure 14A-C) . During drainage (Figure 14A ), the oil-relative permeability curves can be seen to depend on model porosity and therefore on pore size. Increasing pore size leads to a higher oil-relative permeability at the same saturation, most likely because of the presence of larger pores and because of the increase in connectivity. Water-relative permeabilities are, however, almost indistinguishable, showing only a small variation between models and no discernible trend with porosity or pore size. An irreducible water saturation of 0.07 is achieved for all models.
The imbibition curves for these models are indistinguishable ( Figure 14B, C) . There is, however, a distinct difference in residual oil saturation between the two scenarios as water-wet imbibition results in a residual oil saturation of 25%, whereas fractionally wet imbibition results in a residual oil saturation of 40%, which is more apparent in the capillary pressure curves (Figure 15) .
The results and trends for the rounded micrite models ( Figures 14D-F, 15D-F) reflect the results of the rhombic crystal models. Oil-relative permeability curves during drainage show slightly different behaviors depending on total porosity, whereas imbibition curves are indistinguishable. Moreover, the trends and curves for the two different crystal fabrics cannot be distinguished from each other, and so, rounding the micrite crystals appears to have little to no effect on multiphase flow properties in comparison with the rhombic counterpart.
Effect of Mesopores within a Micritic Matrix
Model Fabric Properties
The synthetic moldic mesopores modeled in this study were all located in the center of each octant within the model. Therefore, because the mesopore radii are increased, the distance separating the mesopores decreases (Figure 16 , Table 4 ). The only model in which the mesopores are forced to touch and create a permeable pathway without micropores is in model M45 ( Figure 16E ) in which mesopores have a radius of 45 μm. This model is a purely synthetic, conceptual example to examine the change Figure 12 . Pore network properties of rhombic micrite models and rounded micrite models. Upper row shows pore radius distributions and lower row shows Euler number connectivity functions. Left column shows results for rhombic models, center column shows results for rounded micrite models, and right column shows a comparison between the results for 25.6% porosity rhombic micrite (model r c ) and its resultant 33.7% porosity rounded micrite fabric counterpart (model s c ). Keys shown apply to figures directly above them.
in behavior upon introduction of a connected mesopore network. In all other models, the mesopores are generated such that they are separate bodies ( Figure 16A -D, Table 4 ) with separation distance decreasing to just a single grid voxel in model M40 ( Figure 16D ). As such, the connectivity between the mesopores in models M10 to M40 (mesopores of less than 40 μm radius) is determined by the presence of micropores, as shown in the cross section through the 30-μm radius model ( Figure 16F ). This style of connectivity is observed in epoxy resin cast images ( Figure 1B) , and additionally, the moldic mesopore in Figure 1B shows a rough topography around its perimeter that is caused by micrite. This Figure 13 . Porosity against single-phase permeability for models r a to r e and s a to s e . (A) Rhombic crystal model results plotted with data from Fullmer et al. (2014) and the class III porosity-permeability trend described by Lucia (2007) . Modeled fabrics represent those termed type I by Fullmer et al. (2014) . Rhombic model data points represent an average porosity-permeability over three realizations. rough topography is captured by the model, again as shown in Figure 16F .
Pore Network Properties
The mesopores in models M10 to M40 are very well connected by micropores ( Figure 16F ), without which they would otherwise be isolated. This variation in connectivity (topology) with mesopore separation (and size) is best examined using the average and maximum coordination numbers (Figure 17 ). Upon introduction of the mesopores (10-μm radius, model M10) to the micritic matrix, average coordination number increases and then progressively decreases with increasing mesopore radius ( Figure 17A ). The increase in average coordination number is because the 10-μm radius mesopores connect to a large number of micropores initially. However, as the mesopores increase in size, there are more micropores connected to the mesopore edge (increase in maximum coordination number, Figure 17B ), and each micropore that connects to a mesopore has, on average, half of the 3-D possible connections by connecting to a single mesopore rather than potentially being connected to multiple additional micropores, as those found in the center of the micropore matrix do. Hence, the average coordination number decreases. However, the variation in average coordination number for each matrix porosity is only 0.1. The average coordination number is calculated by frequency of occurrence and as such is dominated by the most common pore size, here, micropores. Although pores with larger and larger coordination numbers are present as mesopore radii increases (Figure 17B ), the coordination number is still dominated by the matrix porosity whose presence decreases with increased mesopore radius.
As would be expected, the maximum coordination number for the models was found to decrease with increasing matrix porosity ( Figure 17B ) and increase with mesopore radius such that the maximum coordination number exceeded 1300 in the 40 μm-radii mesopore model with 18% matrix porosity ( Figure 17B ). The maximum coordination number decreases for 45-μm radii mesopores because these pores are overlapping and as such are not entirely surrounded by micropores, reducing the maximum coordination number.
Porosity and Single-Phase Permeability As mesopore radius increases, the relative proportion of the total porosity that is microporosity within the models decreases ( Figure 18A , also termed vugporosity ratio by Lucia [1983 Lucia [ , 2007 ), and as would be expected, the overall effect of the presence of mesopores within a microporous matrix is to increase single-phase permeability ( Figure 18B ).
As mesopore size increases, the variation in permeability with matrix porosity decreases, as indicated by the black boxes in Figure 18B : The spread of permeabilities is lower for large mesopores than for Figure 15 . Capillary pressure curves from simulation of multiphase flow on extracted pore networks from rhombic crystal models r a to r e (upper row) and rounded micrite models s a to s e (lower row).
smaller or no mesopores showing that increasingly larger mesopores influence flow more relative to the matrix flow. The restriction in magnitude of permeability enforced on the fabrics when the micropores provide the only connectivity between the mesopores is further highlighted in Figure 18C . The mesopores can be seen to add porosity to the models but have a limited effect on permeability for models with mesopores up to 30 μm in diameter.
When mesopore diameter increases to 40 μm diameter, there is a distinct increase in both porosity and permeability that deviates from the trends shown in Figure 18C , indicating that the mesopores are influencing flow. Despite being separated in the model (Table 4) , upon the introduction of matrix to the models, these mesopores can become directly connected, albeit through a single micropore, explaining this sharp increase in permeability.
Upon forced connection (overlap) of the mesopores at 45 μm radius, all models see permeability increase by three orders of magnitude as would be expected for a straight capillary tube, with little variations because of matrix porosity ( Figure 18B, C) . Because of the larger capillary pressures required for flow in the micropores compared to the mesopores, no such flow takes place, and as such, in these models flow completely bypasses the micropores. Figures 19 and 20 , it is clear that the presence of mesopores within the microporous matrix and indeed the different sizes of mesopores greatly impact multiphase flow. Multiphase flow properties can be seen to vary significantly across the range of models generated. Because the 45-μm radii mesopore model is purely conceptual, its multiphase flow results are illustrated for drainage only to show the change in behavior through connected mesopores. For all other models during drainage (Figure 19A , D, G), with increasing mesopore size (direction of arrow), there is a decrease in oil-relative permeability at the same saturation. The opposite trend can be seen in the waterrelative permeability curves. This occurs because the larger mesopores are filled with oil quicker than the smaller mesopores because they are separated by thinner zones of micropores (Table 4) . When mesopores are filled, water saturation decreases hugely; however, there is still no permeable pathway from inlet to outlet, so the relative permeability of oil remains lower in models with larger mesopores than in models with smaller mesopores. This process is also linked to the trend that as mesopore radius increases, the relative permeability curves become more steplike. This is best observed for the 30-μm mesopore model waterrelative permeability curve ( Figure 19G ), indicating a more heterogeneous pore system and the successive invasion of mesopores with oil. Sections of the curve with a much steeper gradient indicate slow drainage (a slower decrease in water saturation) as the oil is forced through the microporous horizons between mesopores. Sections of the curves with a much shallower gradient (boxes) indicate a sharp decrease in water saturation and the drainage of oil into a mesopore.
During water-wet imbibition, these stepwise relative permeability curves are not observed and this is related to trapping. During imbibitions, the smallest pores fill first, which, because of the fabric of the models, results in a connected pathway from inlet to outlet through the micropores, bypassing the mesopores. As such, the oil-filled mesopores become trapped, never being drained of their oil, and the stepwise saturation changes are not observed. This trapping effect results in an increase in residual oil with increasing mesopore size, in which the volume of the pore system contained within the mesopores increases ( Figure 21A) . In other words, with an increase in homogeneity (more pores of a single type, here micropores, fewer mesopores), there is an improved sweep. Residual oil can also be seen to decrease with an increase in matrix porosity ( Figures 20B, E, H, 21) .
The water-wet imbibition results for models with 40-μm radius mesopores, however, disregard this trend, and this is probably because the pores are only disconnected from the outlet (and each other) by a single row of voxels. As such, when merged with the microporous matrix, some of the mesopores then become directly connected to the outlet (and each other) and are able to drain of oil, considerably decreasing residual oil saturation. This effect is interesting but it should be noted that such models are not representative elemental volumes as the number of unconnected mesopores may decrease to one, or even zero.
Under a fractionally oil-wet imbibition scenario, quite the opposite trend can be observed. With an increasing mesopore radius, a decrease in residual oil occurs ( Figures 20C, F, I, 21B) . As previously mentioned, under a fractionally wet scenario, oil wettability is randomly distributed among 50% of the pores, independently of any of their physical properties (shape, size, etc.). As such, statistically half of the mesopores will be oil-wet, allowing the development of oil films, meaning oil drainage can continue from some mesopores even while water saturation is high. As mesopore size increases, the relative proportion of oil that can be drained through oil-wet mesopores increases, and so residual oil is lower for models with larger mesopores (Figure 20F, I ). Of course, this is a statistical distribution of wettability, and as such, some models do not conform to this trend (e.g. Figure 20C , 30-μm radii model).
DISCUSSION
Through investigation of the effect of micropore size and total matrix porosity, it has been shown that the Figure 18 . Porosity and single-phase permeability plots for moldic mesopore models. Shading applies to all plots; darker indicates higher matrix porosity. (A) Matrix microporosity as a proportion of total porosity. (B) Mesopore radius against single-phase permeability. The 0-μm radius mesopore (x-axis) data points indicate purely micritic matrix. Boxes highlight the decrease in range of permeabilities as mesopore radius increases. At 45-μm radius, the mesopores are directly connected. (C) Total porosity against permeability with trend lines linking models with the same matrix porosity and mesopores up to 30 μm in diameter.
new object-based rock reconstruction algorithm used to model micritic microporous carbonate fabrics is able to capture the basic textural properties that control macroscale single-phase permeability in these rock fabrics. There is a very good match between modeled single-phase permeability and measured porosity-permeability data ( Figure 13A ) reported for the microporous facies of the Middle Eastern Lower Cretaceous Shuaiba Formation (Fullmer et al., 2014) . The pore-size distributions captured in the Figure 19 . Multiphase flow relative permeability curves for models M0 to M45 with varying mesopore radii (see key) and varying matrix porosity. Upper, middle, and lower rows indicate models of 18%, 25%, and 35% matrix porosity, respectively. Arrows indicate direction of increasing mesopore radius for the oil-relative permeabilities (dashed lines). Water-relative permeabilities are indicated as solid lines. Boxes in (G) indicate fast water drainage in comparison with the slower drainage through steeper curve gradients either side. models ( Figures 7A-C , 12A-C) are unimodal, which is not necessarily characteristic of the full variation of pore sizes present in microporous carbonates. As these models focus on micrite-dominated fabrics only, this unimodal and narrow distribution of pore size is not unexpected because the models represent essentially homogeneous fabrics. However, the most volumetrically significant pore diameter in the purely micritic models generated here (0.70-0.80 μm diameter) is equivalent to the pore size of the type 1 Figure 20 . Capillary pressure curves for models M0 to M45 with varying mesopore radii (see key) and varying matrix porosity. Upper, middle, and lower rows indicate models of 18%, 25%, and 35% matrix porosity, respectively. Arrows indicate direction of increasing mesopore radius. micropores described in both the Arab-D Member (Clerke et al., 2008) and Shuaiba Formation (Fullmer et al., 2014) , where this pore type is both the largest micropore size and, again, the most volumetrically significant in these samples. Smaller micropores that are reported in the literature are below the resolution of the model and as such cannot be captured here but are thought to make an insignificant contribution to flow (Clerke et al., 2008) . Similarly, the capillary pressure curves in Figures 9D-F, 15 , and 20 show ranges that are not out of the range expected within reservoirs as has previously been shown in measured relative permeability data (e.g., Okasha and Funk, 2002; Al Waili, 2009) .
We have aimed to represent some of the different micritic fabrics of microporous carbonates by varying micropore size, total matrix porosity, crystal rounding, and the presence of mesopores within the microporous matrix. All such variations can be observed in natural samples. Because modeling micropores requires submicron resolution, being able to either observe or represent micropores within a multiscale network is a formidable challenge. Indeed, in all digital rock reconstructions, there is a trade-off between the spatial resolution of the model and the largest (or smallest) scale of feature that can be examined. The upper limits of computational power and memory restrict first the number of voxels in a model and therefore the physical volume of a model that can be created, and second, restrict the grid volume through which fluid flow can be simulated. As such, although a higher model spatial resolution allows features to be more finely resolved, a higher resolution significantly reduces the physical model size that can be held within the memory limits of the machine being used because the 3-D model size increases as the cube of the number of voxels along each axis.
The developed algorithm is used to generate endpoint micritic fabrics: rhombic and rounded micrite. To do so, the form of the micrite crystals is simplified to a euhedral, cubic form. However, the morphology of the modeled euhedral crystal fabrics (in thin section and in pseudo-3-D) can be seen to be reasonable when compared to real rocks ( Figure 5 ). The biggest shortcoming of the model is the discretization that results in rugose crystal edges, reducing the euhedral or spherical nature of the crystals, and the lower the resolution (or smaller the crystal size), the more extreme the effect ( Figure 5C, D) . However, the model is still capable of replicating measured permeability data ( Figure 13A ), thus highlighting its ability to capture the major fabric controls on singlephase flow in these fabrics. With ever increasing computational power, the inherent flexibility of the method would allow higher resolution models and larger scale features of microporous carbonates (such as macropores, fractures, and fissures) to be incorporated with ease, and further studies on the petrophysical properties of such fabrics could be performed.
While examining the effect of micropore size on flow, it has been observed that even at these model scales, single-phase permeability shows a dependence on (average) pore size (Figure 8 ). An increase in average pore radius from 0.26 to 0.44 μm yields an increase in permeability from 1.7 to 2.7 md, respectively. Despite the positive trend between average pore size and permeability, this range in permeability across all models is small (∼1 md).
Models generated at the lowest resolution of 0.50 μm 3 ∕voxel (model r 5 ) had the largest average pore size (0.44 μm diameter) and exhibited a change in pore-network properties in comparison with the models at higher resolutions, showing a larger percolation radius ( Figure 7B ). Although the distinct increase in percolation threshold and connectivity between models r 4 and r 5 (Figure 7) does not translate to a similar increase in single-phase permeability between the two models, it is a possible reason for the lower residual oil saturation of model r 5 ( Figure 9E, F) . The increased percolation threshold and pore size may contribute to reduced trapping. Multiphase flow properties across models r 1 to r 5 showed a small decrease in residual oil with increasing average pore size, and similarly, oil-relative permeability curves exhibited small variations across all models whereas water-relative permeability curves were indistinguishable (Figure 9 ). These results suggest that average pore size is affecting multiphase flow in these models.
Models r 1 to r 4 have been shown to have very similar percolation thresholds. This similarity in porenetwork structure suggests that model r 4 has approximately the same physical pore-scale flow as the pore network in model r 1 , in which the average pore radius of 0.26 μm (Table 2 ) is closer to the minimum diameter of the micropores that are observed in the epoxy resin cast ( Figure 1B) . Indeed, the match between the modeled and measured single-phase permeability data reported for models r a through r e further corroborates that modeling the microporous fabrics at a resolution of 0.40 μm 3 ∕voxel (that of model r 4 ) captures the relevant pore-scale features that exist within real microporous carbonate fabrics and that control single-phase permeability. These results provide a method that allows larger physical volumes to be modeled, and to incorporate micropores into a more multiscale network, by modeling at a resolution of 0.40 μm 3 ∕voxel. At this resolution, it was shown that total matrix porosity, and therefore pore size, affects single-phase permeability by an order of magnitude (0.6 to 7.5 md) over the range of porosities examined (18%-35%, respectively, Figure 13 ). Increasing matrix porosity, however, has very little effect on multiphase relative permeability and residual oil saturation under both the strongly water-wet and fractionally wet wettability scenarios (Figure 14) . The effect of micrite rounding has also been examined here. At approximately the same porosity (30%, indicated by the arrows in Figure 13B ), the permeability in a rounded micrite model can be seen to be approximately 1 md higher than in a rhombic crystal model, most probably because of the increase in pore size after rounding. Comparing a rhombic matrix to its rounded counterpart (dashed lines, Figure 13B ) shows an increase in porosity of 7% to 8%, in agreement with the increase in porosity because of rounding reported by Lambert et al. (2006) . A corresponding substantial increase in single-phase permeability up to an order of magnitude for the lowest porosity models is also observed ( Figure 13 ). As such, if a reservoir was of constant micropore volume within the rhombic fabrics, rounding of the original fabric would result in an alteration of the single-phase permeability because of the increase in pore size, as indicated by these results and in agreement with Lambert et al. (2006) . Conversely, micrite rounding can be seen to have a limited effect on multiphase flow under these wettability scenarios (Figure 14) suggesting that micrite rounding has little to no effect on the pore-network topology in comparison with the pore networks within rhombic micrite.
These results suggest that although end-point micritic morphologies have implications for singlephase permeability, resulting pore size changes do not affect multiphase flow properties. Despite an extensive nomenclature being established to describe varying microporous carbonate fabrics (for example Deville de Periere et al., 2011; Fullmer et al., 2014) , the definition of two fabric "classes" may be necessary to discriminate distinct petrophysical behaviors or rock types. Of course, the degree of wettability alteration (if any) may vary in these fabrics as rounded micrite fabrics are expected to have a higher oil saturation as they are found higher in the oil column (Lambert et al., 2006) . Further analysis is still required here.
At a resolution of 0.40 μm 3 ∕voxel, it is possible to include up to three orders of magnitude of pore size variation through the inclusion of mesoscale pores (>10 μm diameter). Results have shown that the addition of mesopores to a micritic matrix greatly impacts the geometry and topology of the pore system (Figure 17 ). Single-phase permeability increases with mesopore radius (Figure 18) . The relationship between single-phase permeability and mesopore radius is nonlinear but is related to the separation distance between the mesopores. Micropores dominate single-phase permeability magnitude in which the only permeable connection between mesopores is through the microporous matrix (models M10 to M30). Single-phase permeability is limited to less than 20 md for these models. A distinct increase in single-phase permeability for models with mesopores of 40-μm radii is because of the single voxel separation between the mesopores. At such small separation distances, the mesopores may be connected by a single or a few micropores (Table 4 ) and therefore may be considered directly connected, as is suggested by the capillary pressure data (Figure 19 ). For models with mesopores of 45 μm radius, the effect of direct mesopore connectivity is even more pronounced and permeability increases by three orders of magnitude because flow is able to completely bypass the microporous matrix. Similar observations were made by Anselmetti et al. (1998) . We are aware that in reality, not all mesopores in a reservoir have the same shape and size. Here, the mesopore models are entirely synthetic and the porosities of the models with the largest mesopores are beyond the porosities typically observed in these types of carbonates ( Figure 18A) . However, such models are useful for examining the end-member properties of these fabrics.
The multiphase flow properties of the moldic mesopore models also vary significantly with both mesopore size and matrix porosity, and it has been shown that these results are again related to the separation distance between mesopores and the relative proportion of microporosity in the models. Most importantly, under a water-wet imbibition scenario, an increase in homogeneity (more micropores, fewer mesopores) increases the sweep (microscopic displacement efficiency) of the model ( Figure 21A ). This previously has been reported by other authors in fabrics where micropores are present (Clerke, 2009; Hollis et al., 2010; Fung et al., 2011; Fullmer et al., 2014) and is also observed in the water-wet imbibition capillary pressure curves in Figure 20B , E, and H.
Finally, across all different fabrics, it has been shown that wettability scenario during imbibition impacts residual oil. The wetting state of any rock is extremely hard to determine as core wettability experiments are expensive (both in time and money), and more importantly, it is difficult to ensure that the core wettability under lab conditions is the same as in situ subsurface conditions. Relative permeability data are therefore difficult to acquire under reservoir conditions. If such data are available, they are usually only for one particular bulk plug sample although the wetting state of a carbonate may vary at much smaller (pore scale) and indeed larger scales. Modeling two phase flow under a variety of different wettability scenarios is one possible way to understand how the fluid flow properties would vary under different wetting states. Wettability-dependent variation in multiphase flow properties and residual oil has been demonstrated in this study by looking at strongly water-wet imbibition and fractionally oil-wet imbibition. The multiphase flow results for models with varying sizes of mesopores clearly demonstrate the dependency of recovery on wetting scenario (Figure 21) .
However, the wetting state of a real rock may not be randomly distributed throughout the pore network as is simulated for the fractionally wet wettability case here. Intermediate wettability (where part of the pore system is water wet and the remainder oil wet) may be controlled by the pore size or pore shape (degree of curvature), or by mineralogy (Kovscek et al., 1993; Skauge et al., 2004) . The mineralogy of the micrite in these microporous carbonate models does not vary, and as such, mineralogy does not need to be considered as a controlling factor on wettability alteration. Pore size and shape, however, are viable controls on wettability. Although network models are able to determine wetting alteration because of pore size, they are rarely able to model wettability alteration because of changes in pore shape and curvature as defined by the extracted pore network. Blunt (1998) introduced a network model capable of modeling wettability based on pore shape, using angular pore cross sections and a parametric model to assign random pore wall curvatures. However, Kallel et al. (2014) introduced a network model that employs a wider range of pore shapes and, based on pore size and shape, assigns equivalent pore wall curvatures to the network elements, affecting the wettability state. Preliminary results suggest that modeling wettability alteration based on pore size and shape through curvature, generates different multiphase flow results in comparison to assignments of wettability based on pore size alone. Under a wetting state controlled by pore shape, the multiphase properties of rounded micrite compared to rhombic micrite may indeed be very different. An additional aspect that requires further investigation is the variation in multiphase flow properties under different initial water saturations. Here, minimum initial water saturations of 0.07 have been used during simulation. This may be low as initial water saturations are reported to be approximately 5%-15% for micritic microporous carbonate fabrics (Sallier and Hamon, 2005; Masalmeh and Jing, 2007) .
This study has demonstrated the flexibility of the developed algorithm to explore the variations in the petrophysical properties of microporous fabrics, and it provides a basis to further develop future studies. By methodologically altering endpoint parameters of the rock fabrics and additionally adjusting the fluid and wetting properties of the models, it will be possible to build a state-space of how the petrophysical properties of microporous carbonates vary under these different fabrics and use the trends to predict single-phase and multiphase flow. The addition of high-quality 3-D images through FIBSEM or nano-CT could be used to further validate the multiphase properties observed here.
SUMMARY AND CONCLUSIONS
A flexible, object-based rock reconstruction algorithm has been developed that reproduces the microscale micritic fabrics of microporous carbonates. The algorithm was used to explore the effects of micropore size, total microporosity, micritic rounding, and the presence of moldic mesopores on both single and multiphase fluid flow properties within a micritic matrix. For all models, multiphase flow was simulated under both a 50% fractionally oil-wet and strong water-wet imbibition scenario.
Micropore size was controlled by varying model resolution from 0.10 to 0.50 μm 3 ∕voxel, and all models had approximately 26% porosity. Average pore radius varied between 0.26 and 0.44 μm across the resolutions and was found to have a positive correlation with single-phase permeability that varied between 1.7 and 2.7 md, respectively. All models displayed similar multiphase flow properties, and an overall trend of decreasing residual oil with increasing average pore radius was observed.
Total microporosity has been shown to influence single-phase permeability significantly over the range of porosities modeled (18%-35%). An order of magnitude increase in permeability can be attributed to the resulting increase in pore size. These results indicate that microporosity can conduct significant single-phase permeabilities of up to 7.5 md, in agreement with measured data reported in the literature. Total microporosity was, however, shown to have little to no effect on imbibition behavior and oil recovery in these models. Similarly, the effect on multiphase flow properties of rounding micrite crystals within the matrix was limited, especially during imbibition.
As expected, rounded micritic fabrics show an increase of up to 8% in porosity and up to an order of magnitude increase in single-phase permeability in comparison with precursor rhombic micritic fabrics. However, more importantly, the overall porosity-permeability trends exhibit an increase in single-phase permeability at a given porosity, again indicating the control on single-phase flow properties exerted by micropore size. Multiphase flow properties, however, remain unaltered between the rhombic crystal fabric and the rounded model fabric.
Finally, it has been shown that within micritic matrix, moldic mesopores only affect single-phase permeability if they are directly connected to each other. If the mesopores are separated by microporous matrix, permeability is controlled by the micropores. Such fabrics have been shown to conduct permeabilities of up to 20 md, demonstrating that the contribution of microporosity to single-phase permeability cannot be overlooked within multiscale carbonate pore systems. During multiphase flow under a strongly water-wet imbibition scenario, it has been shown that fabrics with a high fraction of microporosity to total porosity retain a much lower residual oil saturation during water-wet imbibition. Under this wettability scenario, the presence of microporosity within a carbonate reservoir is desirable because it increases the sweep of the reservoir during imbibition.
Micropores are found within many different carbonate rock fabrics and often in combination with other scales of porosity. Although this study has examined only a small part of the full spectrum of known fabric variations and indeed different hypothetical wettability scenarios, it has demonstrated the breadth of single-phase and multiphase flow properties that can occur in these fabrics. These results confirm that it is important to consider the role of micropores in fluid flow when assessing the producibility of microporous carbonates. The algorithm developed here offers a flexible platform with which to probe the full spectrum of microporous carbonate fabrics that occur in hydrocarbon reservoirs and to concurrently examine the variable geologically controlled wettability scenarios.
